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A B S T R A C T

Collaborative robots are increasingly used in different fields of application to physically interact with the
human (e.g., manufacturing, rehabilitation, etc.) In order to improve the physical collaboration performance,
the interaction between the user and the robot must be safe, smooth, and intuitive. Indeed, this paper proposes
a controller which is composed of three nested loops. A Passive Velocity Field Control (PVFC) defines the lowest
control layer, ensuring the passivity of the system. The intermediate control layer is defined by a Cartesian
impedance controller, managing the interaction between the user and the robot and sending to the PVFC a
reference position. The outer layer is defined by a Linear Quadratic Regulator (LQR), detecting the intention
of motion of the user and deforming accordingly the Cartesian impedance setpoint to follow such a motion. In
addition, to enhance the collaboration performance for each user, a preference-based optimization approach is
employed to tune the control parameters, implementing a human-centric tuning procedure. In such a way, the
controller is customized for the specific user to establish the proper interaction with the robot. The proposed
controller has been evaluated by making use of a Franka EMIKA panda robot as a test platform, comparing
the achieved performance with a controller previously developed by some of the authors in a free-motion
collaborative task along the 𝑧 vertical direction. Achieved results show the improved performance obtained
by the proposed controller. In addition, an assembly task has also been optimized to show the potential of the
proposed control framework in complex and realistic situations.
. Introduction

Collaborative robotics plays a key role (Makris, 2021) in the emerg-
ng Industry 5.0 paradigm (Demir, Döven, & Sezen, 2019), in which
he human is put at the center of the production environment, having
he robotic systems assisting the operator and executing repetitive and
nerous applications (Vicentini et al., 2020). Physical human–robot
ollaboration (pHRC) is, indeed, one of the most investigated top-
cs (Galin & Meshcheryakov, 2020), making it possible to have the hu-
an in a leading position while collaborating with the robot (Roveda,
aghshenas, et al., 2018). Many open issues in the state of the art
re still to be overcome, in particular considering safety/stability guar-
ntees in the human–robot interaction while implementing a reactive
obot controller, making it possible to detect the intention of motion of
he human during the collaboration.

To tackle the above-mentioned issues within the pHRC scenario, this
aper proposes a three-layers controller. The inner layer is designed
ased on the Passive Velocity Field Control (PVFC) (Li & Horowitz,
999, 2001a, 2001b). The PVFC allows for ensuring the stability of
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the controlled system, tracking a joint position reference. The inter-
mediate control layer is designed based on the Cartesian impedance
controller (Hogan, 1984), providing a controlled compliant behavior
to the robot in interaction with the user. The Cartesian impedance
control sends the reference to the PVFC (by properly applying the
inverse kinematics transformation). The outer layer is designed based
on a Linear Quadratic Regulator (LQR) (Bemporad, Morari, Dua, &
Pistikopoulos, 2002). The LQR detects the intention of motion of the
user, accordingly deforming the Cartesian impedance setpoint to follow
such a motion. The LQR is designed to make use of a simplified human–
robot interaction dynamics modeling (Artemiadis, Katsiaris, Liarokapis,
& Kyriakopoulos, 2010), in which the human’s arm is simply modeled
as an elastic element (i.e., as a spring). A robust term is included to
compute the solution of the LQR in order to consider the variability
of the human’s arm stiffness (Roveda & Piga, 2020). Furthermore, to
properly tune the control gains (i.e., the stiffness and damping of the
impedance control, together with the gain of the LQR), a preference-
based optimization (PBO) approach has been employed (Bemporad &
Piga, 2021). Such a methodology allows to optimize the collaborative
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behavior of the robot based on the specific user’s (even implicit) needs.
In fact, the user has only to provide qualitative feedback, i.e., giving
a preference on the collaborative performance of two sets of control
gains. In such a way, no quantitative performance indexes are needed
(i.e., no measurements are required), having the optimization able to
embed the perception of the user of the collaboration with the robot,
thus implementing a human-centric tuning procedure. The proposed
approach, indeed, provides a safe and intuitive controller capable to
establish an optimized controlled interaction with the human.

In the following Section, the state of the art related to the pHRC
control is addressed, to highlight the open issues in the field and the
solutions provided by the proposed approach.

1.1. Related work

1.1.1. Physical human–robot interaction
Among other strategies (Magrini & De Luca, 2016; Martinez, Law-

son, Durrough, & Goldfarb, 2018), physical human–robot collaboration
(pHRC) is commonly enabled by implementing a low-level impedance
controller (Hogan, 1984), that provides the robot with a safe and
compliant behavior, suitable for interacting with the surrounding en-
vironment (including humans Roveda, 2018). The impedance control
parameters (i.e., mass/inertia, stiffness, damping, and setpoint) are
then tuned/adapted by means of high-level control strategies during
the execution of a task (Khan, Herrmann, Al Grafi, Pipe, & Melhuish,
2014), e.g., to achieve human-like adaptability skills (Liang et al.,
2014; Yang, Zeng, Fang, He, & Li, 2018), to maximize the human–
robot collaboration performance (Kim, Peternel, Lorenzini, Babič, &
Ajoudani, 2021), etc.

Machine learning (ML)-based approaches have been investigated
to implement such flexible and adaptive controllers. Two types of
ML-based solutions are available in the state of the art: model-based
ML approaches (Roveda, Maskani, et al., 2020), and model-free ML
approaches (Cremer, Das, Wijayasinghe, Popa, & Lewis, 2019). Model-
based ML approaches provide powerful algorithms for control tuning
purposes that are capable of capturing complex and uncertain inter-
action dynamics. The main drawback of such strategies consists of
the limited variety of task conditions that can be faced by the pro-
posed controllers. In order to be effective, the adopted models should
accurately represent the target scenario, losing generalizability. Model-
free approaches, on the other hand, allow for achieving acceptable
results in a wide set of scenarios by exploiting autonomous tuning
through trial and error. However, the tuning procedures are costly
(both in terms of the computational resources and the time), requiring
a vast amount of trials to achieve the target performance (Roveda,
Haghshenas, Caimmi, Pedrocchi, & Molinari Tosatti, 2019). Many ef-
forts are, therefore, put into the development of combined solutions
exploiting the advantages of both model-based and model-free ML
solutions, such as the ones provided in Dimeas and Aspragathos (2015),
Kukker and Sharma (2021), Li, Zhang, Xia, Xie, and Zhu (2018),
Medina, Börner, Endo, and Hirche (2019) and Peternel, Tsagarakis,
and Ajoudani (2017). However, computational issues are commonly
displayed by such approaches, limiting their applicability in real ap-
plications. Stability is another issue to be considered in the design of
human–robot collaborative controllers (Freeman & Kokotovic, 1996;
Grüne & Pannek, 2017; Ma, Kolathaya, Ambrose, Hubicki, & Ames,
2017; Zhang, Li, & Zheng, 2020), which is difficult to be guaranteed
for ML-based controllers.

Controllers exploiting the physical interaction dynamics model-
ing represent another solution for the design and implementation of
human–robot collaborative strategies (Hentout, Aouache, Maoudj, &
Akli, 2019; Losey, McDonald, Battaglia, & O’Malley, 2018; Rodríguez-
Guerra, Sorrosal, Cabanes, & Calleja, 2021). In this case, the human’s
dynamics becomes critical to be modeled in order to design a robust
a stable controller (Mobasser & Hashtrudi-Zaad, 2006; Tee, Burdet,

Chew, & Milner, 2004). Indeed, safety is still one of the main issues
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in the design of such controllers (Zacharaki, Kostavelis, Gasteratos, &
Dokas, 2020), especially when high bandwidth is required. In addition,
such controllers commonly show a complex design, that is character-
ized by a high number of control parameters/gains to be tuned (Fu &
Zhao, 2020; Gaz, Magrini, & De Luca, 2018; He, Xue, Yu, Li, & Yang,
2020), making it difficult to optimize the robot behavior to maximize
the collaborative performance with the human.

A control strategy capable to address the above-mentioned limita-
tions of the state of the art (i.e., reducing computational cost, stability,
robustness, and simplified gains tuning) is demanded the implemen-
tation of feasible and effective physical human–robot collaborative
controllers.

1.1.2. Preference-based optimization
Preference-based optimization (PBO) is a powerful tool to solve

black-box problems, in which the modeling of the process is not avail-
able/difficult to be accurately described. In addition, such an opti-
mization approach provides an intuitive procedure to deal with pro-
cesses not allowing quantitative data gathering and/or the definition
of performance indexes to be used for optimization purposes. Indeed,
researchers have put their attention on optimization methods to mini-
mize black-box functions using preferences, such as employing Particle
Swarm Optimization (PSO, Kennedy, 2010; Vaz & Vicente, 2007). Such
an optimization drives the evolution of particles only based on the
outcome of comparisons between the function values. Preference-based
optimization has been also used in combination with Reinforcement
Learning (RL) (Lee, Smith, Dragan, & Abbeel, 2021). ‘‘Active preference
learning’’ has been also investigated, in which the user iteratively
expresses a preference. To this end, Busa-Fekete, Hüllermeier, and
Mesaoudi-Paul (2018) presents a review of different active learning
algorithms, such as the one developed in Yue, Broder, Kleinberg, and
Joachims (2012). An important concept of PBO is represented by
RBF functions, that have been studied in Bemporad and Piga (2021)
and McDonald, Grantham, Tabor, and Murphy (2007).

The preference-based optimization (PBO) technique has been em-
ployed only in a few robotic use cases. User preferences have been com-
bined with demonstrations to reduce the required number of
queries (Palan, Landolfi, Shevchuk, & Sadigh, 2019), where a robotic
manipulator is trained to reach a goal configuration while avoiding
an obstacle. Calibration of model predictive control parameters based
on user’s preferences is discussed in Zhu, Bemporad, and Piga (2020).
In Choi et al. (2020), a Bayesian deep learning method is proposed to
optimize the parameters for a navigation task using humans’ preference
evaluations. In Roveda et al. (2021), PBO has been used to optimize a
robotic sealant material deposition task.

No applications of PBO can be found w.r.t. physical human–robot
collaboration, which represents one of the most interesting fields of
application due to the subjective perception of the human–robot inter-
action.

1.2. Paper contribution

This paper aims to design a controller to deal with physical human–
robot collaboration to face the following state-of-the-art limitations:

• computational effort;
• intrinsic stability of the controller;
• robustness w.r.t. the human–robot coupled modeled dynamics;
• control gains tuning for human assistance optimization.

The proposed controller is composed of three nested loops:

• inner layer: Passive Velocity Field Control (PVFC) loop for joint
reference tracking;

• intermediate layer: Cartesian impedance loop for compliance con-
trol;

• outer layer: Linear Quadratic Regulator (LQR) for human’s inten-
tion detection and tracking.
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Fig. 1. Control schema highlighting the three control layers: the PVFC, the Cartesian impedance control, and the LQR. The LQR, based on the interaction state, computes the
Cartesian impedance setpoint. The Cartesian impedance controller, based on the provided setpoint and on the applied control gains (i.e., mass, damping, and stiffness parameters),
omputes the reference Cartesian position to be tracked by the low-level PVFC. Such a reference position, taken to the joint space, is indeed used as an input by the PVFC,
nsuring the motion tracking for the robot. The PBO for the control gains tuning is also highlighted, optimizing the human’s assistance control gains to maximize the collaboration
erformance.
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n such a way, it is possible to:

• implement a real-time controller with a reduced computational
cost (i.e., capable to compute the control signals given a high-
frequency control loop): employing a simplified human–robot
interaction dynamics modeling (Artemiadis et al., 2010), it is
possible to analytically derive the LQR gain matrix for its online
implementation and computation;

• provide intrinsic stability of the controller at all levels: all the con-
trol loops are intrinsically stable (Bemporad et al., 2002; Hogan,
1984; Li & Horowitz, 1999) and the proposed LQR is demon-
strated to be stable for the considered human–robot interaction
dynamics;

• design a robust controller: the LQR is designed to be robust w.r.t.
the human’s dynamics modeling (Roveda & Piga, 2020).

n addition, in order to simplify the tuning procedure of the control
ains providing assistance to the human during the collaboration with
he robot, a human’s qualitative feedback-based optimization algorithm
s employed. In such a way, the human’s (even intrinsic) needs can
e catched, maximizing the performance of the collaboration with the
obot. To do so, the preference-based optimization (PBO) approach is
sed (Bemporad & Piga, 2021), implementing a simplified and intuitive
uman-centric control gains tuning procedure.

emark 1. It has to be underlined that the PBO is employed only for the
uning of the control gains providing assistance to the human. The other
ontrol gains (e.g., the ones related to trajectory tracking) are tuned by
eans of standard procedures since they do not affect the human–robot

ollaboration.

The proposed controller has been tested on a Franka EMIKA panda
obot for validation, comparing the achieved performance w.r.t. the
ontroller in Roveda, Maskani, et al. (2020) in a free-motion collab-
rative task along the 𝑧 vertical direction. 10 volunteers have been in-
olved in the experimental tests, judging the performance of both con-
rollers. The achieved results show the improved performance of the de-
igned controller. In addition, the volunteers evaluated the preference-
ased tuning procedure, highlighting its usefulness and easiness of use.
inally, an assembly task has also been optimized to show the potential
f the proposed control framework in complex and realistic situations.
To summarize, the main contributions of the proposed paper are: s
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• the design of a stable control framework for human–robot col-
laboration, being robust w.r.t. the human’s arm dynamics. While
some works are already providing cascade controllers for interac-
tion tasks (Franceschi, Pedrocchi, & Beschi, 2022; Khoramshahi
& Billard, 2020; Mariotti, Magrini, & De Luca, 2019; Tian, Sun,
Bajcsy, Tomizuka, & Dragan, 2022), there is still a lack of method-
ologies addressing together the mentioned issues related to com-
putational effort, intrinsic stability of the controller, and robust-
ness, and this paper is providing a novel solution, combining
existing techniques to design a new control framework;

• the application of the PBO for the tuning of the human’s as-
sistance gains to maximize the collaboration performance. No
contributions in the state of the art can be found where the
PBO is employed for the tuning of collaborative robot controllers.
Indeed, this contribution is the first exploring the potential of the
PBO in this application;

• the extensive testing of the proposed methodologies on a real
manipulator to highlight the stability, robustness, and improved
performance of the proposed control framework.

.3. Paper outline

The paper is structured as it follows: Section 2 proposes the com-
lete description of the proposed control schema and its stability anal-
sis, Section 3 describes the preference-based optimization for the
uning of the control gains, Section 4 provides the achieved results, and
ection 6 states the conclusions of this work.

. Controller design

This Section describes in detail the design of the proposed three-
ayers controller, which is composed of the Passive Velocity Field
ontrol (inner layer), the Cartesian impedance control (intermediate

ayer), and by the Linear Quadratic Regulator (outer layer). Fig. 1
hows the complete control architecture, highlighting all three control
locks and their connections. In addition, the connection of the control
pproach with the PBO for human-centric tuning is highlighted. In
he following, each of the control layers is described, followed by the
tability analysis of the whole control architecture.
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2.1. Passive velocity field control

Based on the work in Li and Horowitz (1999, 2001a, 2001b), the
PVFC can be designed and employed as the inner loop for the proposed
controller (Fig. 1). The main aim of this control loop is to provide pas-
sivity guarantees to the controlled system w.r.t. the interaction wrench.
To do so, a passive velocity field is designed to control the motion of the
manipulator. Taking into consideration the rigid links/joints robot dy-
namics (Caccavale, Natale, Siciliano, & Villani, 1999) (having that the
gravitational term 𝐠(𝐪) and the joint friction effects 𝐟 (𝐪, 𝐪̇) are already
compensated in the robot control law by the control action 𝝁𝑑𝑦𝑛 as
in Roveda, Bussolan, Braghin, and Piga (2022) and Roveda, Castaman,
Franceschi, Ghidoni and Pedrocchi (2020) respectively, Fig. 1), it can
be written:

𝐌(𝐪)𝐪̈ + 𝐂(𝐪, 𝐪̇) = 𝝁 + 𝝁𝑒𝑥𝑡, (1)

where 𝐌(𝐪) is the inertia matrix of the robot, 𝐂(𝐪, 𝐪̇) is the Coriolis
vector, 𝐪 is the joint position vector, 𝝁 is the control torque vector, and
𝝁𝑒𝑥𝑡 is the external torque vector acting on the robot. The reference
passive velocity field 𝑉 (𝐪, 𝜏) (where 𝜏 is a parametrization variable)
can be designed to guarantee the passivity of the controlled system,
satisfying the following expression:

∫

𝑡

0
𝝁𝑇
𝑒𝑥𝑡𝐪̇𝑑𝜏 ≥ 𝑊 (𝐪(𝑡), 𝐪̇(𝑡)) −𝑊 (𝐪0, 𝐪̇0), (2)

where 𝝁𝑇
𝑒𝑥𝑡𝐪̇ is the so-called supply rate, 𝑊 (𝐪(𝑡), 𝐪̇(𝑡)) is a positive value

function of the state 𝑠, and 𝑊 (𝐪0, 𝐪̇0) = 𝑐2, where 𝑐 ∈ R satisfies (2)
(depending on the initial conditions of the system 𝐪0 and 𝐪̇0). To do
so, the system dynamics in (1) is augmented with the dynamics of the
evolution of the parametrization 𝜏 and with the dynamics of a fictitious
energy storage element (i.e., a fictitious flywheel):

⎡

⎢

⎢

⎣

𝐌(𝐪) 𝟎𝑛×1 𝟎𝑛×1
𝟎1×𝑛 1 0
𝟎1×𝑛 0 𝑀𝑓

⎤

⎥

⎥

⎦

⎡

⎢

⎢

⎣

𝐪̈
𝜏
𝑞𝑓

⎤

⎥

⎥

⎦

+

⎡

⎢

⎢

⎣

𝐂(𝐪, 𝐪̇) 𝟎𝑛×1 𝟎𝑛×1
𝟎1×𝑛 0 0
𝟎1×𝑛 0 0

⎤

⎥

⎥

⎦

⎡

⎢

⎢

⎣

𝐪̇
𝜏̇
𝑞̇𝑓

⎤

⎥

⎥

⎦

=
⎡

⎢

⎢

⎣

𝝁
𝜇𝜏
𝜇𝑓

⎤

⎥

⎥

⎦

+
⎡

⎢

⎢

⎣

𝝁𝑒𝑥𝑡
0
0

⎤

⎥

⎥

⎦

, (3)

that is:

𝐌𝑎𝑢𝑔(𝐪𝑎𝑢𝑔)𝐪̈𝑎𝑢𝑔 + 𝐂𝑎𝑢𝑔(𝐪𝑎𝑢𝑔 , 𝐪̇𝑎𝑢𝑔) = 𝝁𝑎𝑢𝑔 + 𝝁𝑎𝑢𝑔𝑒𝑥𝑡 . (4)

The reference passive velocity field 𝑉 (𝐪, 𝜏) is then designed so that,
when it is tracked, the kinetic energy of the augmented system in (4)
will remain constant (i.e., 𝐸̄(𝐪𝑎𝑢𝑔 , ̇𝐪𝑎𝑢𝑔) =

1
2
𝐪̇𝑇𝑎𝑢𝑔𝐌𝑎𝑢𝑔 𝐪̇𝑎𝑢𝑔 = 𝑐𝑜𝑛𝑠𝑡):

(𝐪, 𝜏) = 𝐕∥ + 𝐕⟂ = (5)

1(𝐪, 𝜏)
[

𝑑𝐪𝑑 (𝜏)
𝑑𝑡
1

]

− 𝜆2(𝐪, 𝜏)
[

𝑔𝑟𝑎𝑑(𝑈 (𝐄(𝐪, 𝜏)))
0

]

,

where 𝐕∥ is the component of the velocity field along the reference
rajectory, and 𝐕⟂ is the component of the velocity field perpendicular
o the reference trajectory. The 𝑖th element of 𝐄(𝐪, 𝜏) is defined as it
ollows:

𝑖(𝑞𝑖, 𝜏) = 𝑒𝑗𝜖𝑖(𝑞𝑖 ,𝜏), (6)

here 𝜖𝑖(𝑞𝑖, 𝜏) = (𝑞𝑖 − 𝑞𝑖𝑑 (𝜏)). The potential field 𝑈 (𝐄(𝐪, 𝜏)) is defined as
t follows:

(𝐄(𝐪, 𝜏)) =
𝑛
∑

1
ℎ𝑖(1 − cos(𝜖𝑖(𝑞𝑖, 𝜏))), (7)

here 𝐡 is a vector of weights. 𝐪𝑑 is the reference joint position to be
racked. 𝜆1, 𝜆2 are weights defined as follows:

1(𝐪, 𝜏) = 𝑒−𝑅𝑈 (𝐄(𝐪,𝜏)), (8)

2(𝐪, 𝜏) = 2 − 𝑒−𝑅𝑈 (𝐄(𝐪,𝜏)), (9)
 l
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n which 𝑅 ≥ is the so-called self-pacing parameter. The velocity field
s, indeed, composed of two components, one towards the path and
ne along it: the velocity field prioritizes following one over the other
epending on the distance of the actual joint position 𝐪 w.r.t. the
eference joint position 𝐪𝑑 . It can be seen that when the tracking error
s large, the velocity field moves only towards the path while having
small tracking error the velocity field also moves along it. In fact, if
(𝐪, 𝜏) is large, 𝜆1(𝒒, 𝜏) ←←→ 0 and 𝜆2(𝒒, 𝜏) ←←→ 1; conversely, if the error is
lose to zero 𝐄(𝐪, 𝜏) ←←→ 0, 𝜆1(𝒒, 𝜏) ←←→ 1 and 𝜆2(𝒒, 𝜏) ←←→ 1.

Once the velocity field (5) is defined, it can be augmented with the
ne of the flywheel, obtaining 𝐕𝑎𝑢𝑔(𝐪, 𝜏) = [𝐕(𝐪, 𝜏), 𝑉𝑓 (𝐪, 𝜏)]𝑇 . There-
ore, by setting the value of the total kinetic energy of the augmented
ystem in (4) 𝐸̄ > 0, the velocity field for the flywheel is computed as
t follows:

𝑓 (𝐪, 𝜏) =
√

2
𝑀𝑓

(

𝐸̄ − 1
2
𝐕(𝐪, 𝜏)𝑇𝐌𝑠(𝐪)𝐕(𝐪, 𝜏)

)

, (10)

here 𝐌𝑠(𝐪) is the mass matrix for the suspended system (i.e., not
onsidering the flywheel dynamics in (4)):

𝑠(𝐪) =
[

𝐌(𝐪) 𝟎𝑛×1
𝟎1×𝑛 1.

]

(11)

̄ should be selected high enough to allow the above equation to have
real solution, meaning that the energy stored in the fictitious flywheel

hould be high enough to cover the energy demand at any point of the
eference path.

Once the augment velocity field 𝐕𝑎𝑢𝑔(𝐪, 𝜏) is defined, the control
ction is defined on the basis of the following quantities:

𝑎𝑢𝑔(𝐪𝑎𝑢𝑔 , 𝐪̇𝑎𝑢𝑔) = 𝐌𝑎𝑢𝑔(𝐪𝑎𝑢𝑔)𝐪̇𝑎𝑢𝑔 , (12)

hich is the real momentum of the augmented system;

𝑎𝑢𝑔(𝐪𝑎𝑢𝑔) = 𝐌𝑎𝑢𝑔(𝐪𝑎𝑢𝑔)𝐕𝑎𝑢𝑔(𝐪𝑎𝑢𝑔), (13)

hich is the desired momentum of the augmented system;

𝑎𝑢𝑔(𝐪𝑎𝑢𝑔 , 𝐪̇𝑎𝑢𝑔) = 𝐌𝑎𝑢𝑔(𝐪𝑎𝑢𝑔)𝐕̇𝑎𝑢𝑔(𝐪𝑎𝑢𝑔)

+ 𝐂𝑎𝑢𝑔(𝐪𝑎𝑢𝑔 , 𝐪̇𝑎𝑢𝑔)𝐕𝑎𝑢𝑔(𝐪𝑎𝑢𝑔), (14)

hich is the covariant derivative of the desired momentum. The control
aw is then defined as follows:

𝑎𝑢𝑔 = 𝝁𝑓 + 𝝁𝑐 , (15)

here:

𝑓 = 𝛾(𝐏𝑎𝑢𝑔𝐩𝑇𝑎𝑢𝑔 − 𝐩𝑎𝑢𝑔𝐏𝑇
𝑎𝑢𝑔)𝐪̇𝑎𝑢𝑔 , (16)

𝝁𝑐 =
1
2𝐸

(𝐰𝑎𝑢𝑔𝐏𝑇
𝑎𝑢𝑔 − 𝐏𝑎𝑢𝑔𝐰𝑇

𝑎𝑢𝑔)𝐪̇𝑎𝑢𝑔 . (17)

𝑓 can be seen as a feedback control since it depends on the relation
etween the desired and actual momentum. 𝛾 is thereby the feedback
ain, and it can be used as a tuning parameter when implementing the
ontrol law. 𝝁𝑐 can be seen as a feed-forward action.

In this work, the PVFC is used to track the reference joint position
nd velocity coming from the intermediate control loop, that is the
artesian impedance control (Fig. 1). In order to ensure good tracking
erformance in time, the self-pacing parameter 𝑅 is set to zero. The
esigned velocity field in (5) becomes:

(𝐪, 𝜏) =
[

𝑑𝐪𝐝(𝜏)
𝑑𝑡
1

]

−
[

𝑔𝑟𝑎𝑑(𝑈 (𝐄(𝐪, 𝜏)))
0

]

. (18)

In addition, a feedback control loop is implemented on the total kinetic
energy of the system 𝐸̄(𝐪𝑎𝑢𝑔 , 𝐪̇𝑎𝑢𝑔). Thus, a PI feedback controller is
esigned to act on the total energy error 𝑒𝐸̄ , adapting the flywheel
ontrol action 𝜇𝑓 .

emark 2. It is important to highlight that the PVFC is used instead of a
tandard position/velocity inner control loop to design a passive low-
evel tracking controller. In fact, impedance controllers commanding
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the motor torques might suffer from tracking issues due to the intrinsic
compliant behavior of this controller.

Remark 3. Ideally, by properly compensating the joint friction effects,
the parametrization variable 𝜏 is always equal to the time 𝑡.

2.2. Cartesian impedance control

As described in Caccavale et al. (1999), a Cartesian impedance
controller can be designed to provide the robot with a compliant
behavior, which is the aim of the intermediate loop (Fig. 1). On the
basis of the interaction force acting on the manipulator, impedance
control allows calculating the robot accelerations 𝐱̈𝑖𝑚𝑝 = [𝐩̈; 𝝋̈𝑐𝑑 ] (where
𝐩̈ are related to the transnational degrees of freedom – DoFs –, and 𝝋̈𝑐𝑑
are related to the rotational DoFs described by the intrinsic Euler angles
representation):

𝐩̈ = 𝐌−1
𝑡

(

−𝐃𝑡𝛥𝐩̇ −𝐊𝑡 𝛥𝐩 − 𝐟𝑡
)

,

𝝋̈𝑐𝑑 = 𝐌−1
𝜑

(

−𝐃𝜑 𝒅𝜑𝑐𝑑 −𝐊𝜑 𝝋𝑐𝑑 + 𝐒𝑇𝜔(𝝋𝑐𝑑 )𝝁𝜑
)

.
(19)

Considering the transnational part of the impedance control, 𝐌𝑡 is the
target mass matrix, 𝐃𝑡 is the target damping matrix, 𝐊𝑡 is the target
stiffness matrix, 𝐟𝑡 is the external forces vector. 𝐩 is the actual Cartesian
positions vector, while 𝛥𝐩 = 𝐩 − 𝐩𝑑 and 𝛥𝐩̇ = 𝐩̇ − 𝐩̇𝑑 , where 𝐩𝑑 is the
target positions vector and 𝐩̇𝑑 is the target velocity vector. Considering
the rotational part of the impedance control, 𝐌𝜑 is the target inertia
matrix, 𝐃𝜑 is the target damping matrix, 𝐊𝜑 is the target stiffness
matrix. 𝝋𝑐𝑑 is the set of Euler angles extracted from 𝐑𝑑

𝑐 = 𝐑𝑇
𝑑𝐑𝑐 ,

describing the mutual orientation between the compliant frame 𝐑𝑐
(coincident with the robot end-effector reference frame) and the target
frame 𝐑𝑑 . 𝝁𝜑 is the external torques vector referred to the target frame.
Matrix 𝐒𝜔(𝝋𝑐𝑑 ) defines the transformation from Euler angles derivatives
to angular velocities 𝝎 = 𝐒𝜔(𝝋𝑐𝑑 )𝒅𝜑𝑐𝑑 (Sciavicco & Siciliano, 2012).
The six DoFs impedance control results, therefore, in:

𝐌𝐱̈𝐶𝑖 + 𝐃𝛥𝐱̇𝐶𝑖 +𝐊𝛥𝐱𝐶𝑖 = 𝐡𝑒𝑥𝑡, (20)

where 𝐌, 𝐃, 𝐊 are the impedance diagonal matrices composed by both
the transnational and rotational parts, 𝛥𝐱𝐶𝑖 = 𝐱 − 𝐱𝑑 = [𝛥𝐩;𝝋𝑐𝑑 ] =
[𝛥𝐱𝑡;𝛥𝐱𝑟] (where 𝐱𝑑 = [𝐱𝑑𝑡 , 𝐱

𝑑
𝑟 ] is the six DoFs position reference

for the impedance controller, with transnational 𝐱𝑑𝑡 and rotation 𝐱𝑑𝑟
components), 𝛥𝐱̇𝐶𝑖 = 𝐱̇ − 𝐱̇𝑑 , and 𝐡𝑒𝑥𝑡 = [𝐟𝑡;𝐒𝑇𝜔(𝝋𝑐𝑑 )𝝁𝜑]. It has to be
underlined that the damping matrix can be computed as it follows:
𝐃 = 2𝜻

√

𝐊𝐌, where 𝜻 = 𝑑𝑖𝑎𝑔([𝜻 𝑡, 𝜻𝑟]) (where 𝜻 𝑡 and 𝜻𝑟 are related
to the transnational and rotational part of the Cartesian impedance
control, respectively) is the damping ratio diagonal matrix.

On the basis of the initial conditions on the impedance control
position (𝐱𝐶𝑖(𝑡 = 0) = 𝐱0𝐶𝑖) and velocity 𝐱̇𝐶𝑖(𝑡 = 0) = 𝐱̇0𝐶𝑖), it is
possible to compute the impedance control acceleration 𝐱̈𝐶𝑖 from (20).
Such acceleration can be integrated in order to compute the Cartesian
position 𝐱𝐶𝑖 and velocity (considering angular velocities for the rota-
tional components) 𝐱̇𝐶𝑖 to be used as a reference to the inner position
controller. The Cartesian position 𝐱𝐶𝑖 and velocity 𝐱̇𝐶𝑖 are then used to
compute the joint reference signals to be provided to the PVFC. The
joint reference velocity vector 𝐪̇𝑑 is computed as it follows (Siciliano,
Sciavicco, Villani, & Oriolo, 2010):

𝐪̇𝑑 = 𝐉#(𝐪)𝐱̇𝐶𝑖, (21)

where # denotes the pseudoinverse. Form (21), the reference joint po-
sition 𝐪𝑑 can be computed (i.e., integrating the reference joint velocity
𝐪̇𝑑), to be provided to the PVFC.

2.3. Optimal linear quadratic regulator

2.3.1. Controller design
The outer control layer is designed to make use of the LQR formula-

tion (Fig. 1). Such a control loop aims to detect the intention of motion
of the human, making the robot react to minimize the interaction
5

force. To do that, the Cartesian impedance control setpoint is deformed.
The LQR is applied to the translational degrees of freedom (DoFs) to
enable human–robot collaboration (Roveda, Maskani, et al., 2020). In
fact, due to the higher complexity, rotational DoFs can be managed (if
needed) with different strategies to perform the target task (Roveda,
Haghshenas, et al., 2018). In order to design the proposed LQR, the
human’s arm dynamics has to be modeled, coupling it with the robot-
controlled dynamics in (20). Based on Artemiadis et al. (2010), the
human’s arm dynamics is simply modeled as an elastic element (i.e.,
as a spring, neglecting the damping term for the sake of stability).
Considering a single DoF formulation, the force applied by the human
𝐹ℎ,𝑖 can be written as it follows:

𝐹ℎ,𝑖 = 𝐾ℎ,𝑖(𝑥0ℎ,𝑖 − 𝑥ℎ,𝑖), (22)

where 𝐾ℎ,𝑖 is the equivalent stiffness of the human arm, 𝑥ℎ,𝑖 is the
urrent position of the human arm, and 𝑥0ℎ,𝑖 is the equilibrium position

of the human arm. 𝑥ℎ,𝑖 = 𝑥𝑡,𝑖 can be assumed since the human is
considered to interact with the robot at its end-effector. By considering
the one DoF formulation of the translation part of (20) and combining
it with (22) (having 𝑓𝑡,𝑖 = 𝐹ℎ,𝑖), the coupled human–robot interaction
dynamics is described by:

𝑀𝑡,𝑖𝑥̈𝑡,𝑖 +𝐷𝑡,𝑖𝑥̇𝑡,𝑖 + (𝐾𝑡,𝑖 +𝐾ℎ,𝑖)𝑥𝑡,𝑖 = 𝐾𝑡,𝑖𝑥
𝑑
𝑡,𝑖 +𝐾ℎ,𝑖𝑥

0
ℎ,𝑖. (23)

Similarly to Roveda et al. (2015) (in which an optimal controller has
been designed for robot-environment interaction tasks), it is possible to
make use of (22) and (23) to define the following state-space model for
the design of the LQR:

⎡

⎢

⎢

⎣

𝑥𝑡,𝑖
𝑥̈𝑡,𝑖
𝑒̇𝐹ℎ,𝑖

⎤

⎥

⎥

⎦

=

⎡

⎢

⎢

⎢

⎣

− 𝐷𝑡,𝑖
𝑀𝑡,𝑖

− (𝐾𝑡,𝑖+𝐾ℎ,𝑖)
𝑀𝑡,𝑖

0

1 0 0
0 𝐾ℎ,𝑖 0

⎤

⎥

⎥

⎥

⎦

⎡

⎢

⎢

⎣

𝑥̈𝑡,𝑖
𝑥̇𝑡,𝑖
𝑒𝐹ℎ,𝑖

⎤

⎥

⎥

⎦

+

⎡

⎢

⎢

⎢

⎣

𝐾𝑡,𝑖
𝑀𝑡,𝑖
0
0

⎤

⎥

⎥

⎥

⎦

𝑥̇𝑑𝑡,𝑖, (24)

where 𝑒𝐹ℎ,𝑖 = 𝐹 𝑑
𝑖 − 𝐹ℎ,𝑖 = 𝐹 𝑑

𝑖 − 𝐾ℎ,𝑖(𝑥0ℎ,𝑖 − 𝑥ℎ,𝑖), and 𝐹 𝑑
𝑖 is the reference

orce. The human’s setpoint 𝑥0ℎ,𝑖 is considered to be updated with a
ow-frequency w.r.t. the bandwidth of the proposed controller (i.e., the
uman defines where to go, keeping such reference position fixed for
certain time Fligge, McIntyre, & van der Smagt, 2012), so that its

ariation is negligible for the controller design in (24) (i.e., 𝑥̇0ℎ,𝑖 = 0).
he same assumption can be made on the variation of the human’s arm
tiffness (Kronander & Billard, 2012), i.e., neglecting the variation of
ℎ,𝑖 in (24) (i.e., 𝐾̇ℎ,𝑖 = 0). 𝐹 𝑑

𝑖 = 0 𝑁 is imposed since the aim of the
ontroller is to minimize the interaction force between the human and
he robot to achieve a smooth and effortless collaboration. (24) can be
ewritten as:

̇ 𝑖 = 𝐀𝑖𝜼𝑖 + 𝐛𝑖𝑥̇𝑑𝑡,𝑖. (25)

Despite the variation of the human’s arm stiffness 𝐾̇ℎ,𝑖 is negligible,
or the implementation of a robust controller w.r.t. the human’s arm
tiffness 𝐾ℎ,𝑖 (therefore considering the possibility to have the hu-
an adapting his/her arm’s stiffness), it is possible to include such
ncertainties into the proposed modeling (25):

̇ 𝑖 = 𝐀𝑖(𝑈𝐾ℎ,𝑖
)𝜼𝑖 + 𝐛𝑖𝑥̇𝑑𝑡,𝑖, (26)

here 𝑈𝐾ℎ,𝑖
models the uncertainties bounds of the human’s arm stiff-

ess 𝐾ℎ,𝑖, and:

𝑖(𝑈𝐾ℎ,𝑖
) =

⎡

⎢

⎢

⎢

⎣

− 𝐷𝑖
𝑀𝑖

−
(𝐾𝑖+𝐾ℎ,𝑖+𝑈𝐾ℎ,𝑖 )

𝑀𝑖
0

1 0 0
0 𝐾ℎ,𝑖 + 𝑈𝐾ℎ,𝑖

0

⎤

⎥

⎥

⎥

⎦

. (27)

he controller performance index needed to design the control is:

𝑐𝑜𝑠𝑡,𝑖 ∶=
∞
(𝜼𝑇𝑖 𝐐𝑜𝑝𝑡,𝑖𝜼𝑖 + (𝑥̇𝑑𝑡,𝑖)

2)𝑑𝑡. (28)
∫0
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The matrix 𝐐𝑜𝑝𝑡,𝑖 ∶= 𝑑𝑖𝑎𝑔(𝑞1,𝑖, 𝑞2,𝑖, 𝑞3,𝑖) is the LQR gain matrix, where
(𝑞1,𝑖, 𝑞2,𝑖, 𝑞3,𝑖) ≥ 0 can be tuned in order to modulate the control gains.

ore specifically, 𝑞1,𝑖 is the gain related to the acceleration 𝑥̈𝑡,𝑖, 𝑞2,𝑖
is the gain related to the velocity 𝑥̇𝑡,𝑖, and 𝑞3,𝑖 is the gain related to
he force error 𝑒𝐹ℎ,𝑖 . In particular, 𝑞1,𝑖 and 𝑞2,𝑖 are imposed equal to 0,
hile 𝑞3,𝑖 is used to manage the LQR output (i.e., the deformation of

he Cartesian impedance control setpoint). Indeed, the control action is
ptimized to minimize the cost function in (28):

∗
𝑖 (𝜼𝑖) ∶= min

𝑥̇𝑑𝑜𝑝𝑡,𝑡,𝑖
{𝐽𝑐𝑜𝑠𝑡,𝑖(𝜼𝑖)}, (29)

hich corresponds to solving the related Riccati matrix equation:

= −𝐒𝑖𝐛𝑖𝐛𝑇𝑖 𝐒𝑖
+ 𝐒𝑖𝐀𝑖(𝑈𝐾ℎ,𝑖

) + 𝐅𝑢,𝑖 + 𝛽2𝑢,𝑖𝐈

+ 𝐀𝑇
𝑖 (𝑈𝐾ℎ,𝑖

)𝐒𝑖 +𝐐𝑜𝑝𝑡,𝑖, (30)

where the solution is the symmetric 3 × 3 constant matrix 𝐒𝑖, 𝛽𝑢,𝑖 is
a design parameter, and 𝐅𝑢,𝑖 includes the modeling uncertainties. In
particular, 𝑭 𝑢,𝑖 is defined as it follows:

𝐅𝑢,𝑖 = 𝜟𝐀𝑇
𝑖 (𝐛

#
𝑖 )

𝑇 𝐛#𝑖 𝜟𝐀𝑖, (31)

where:

𝜟𝐀𝑖 =

⎡

⎢

⎢

⎢

⎣

0 −
𝑈𝐾ℎ,𝑖
𝑀𝑖

0
0 0 0
0 𝑈𝐾ℎ,𝑖

0

⎤

⎥

⎥

⎥

⎦

(32)

The impedance reference velocity can, therefore, be computed:

̇ 𝑑𝑡,𝑖 = −𝐛𝑇𝑖 𝐒𝑖𝜼𝑖. (33)

The solution matrix 𝐒𝑖 can be analytically computed and it is, intrin-
sically, dependent on the control parameters (𝐷𝑡,𝑖, 𝐾𝑡,𝑖, 𝑞3,𝑖) and on the
uncertainties related to the human’s arm stiffness 𝐾ℎ,𝑖. Indeed, by com-
puting the analytical LQR solution, it can be easily implemented and
calculated online based on the imposed control/modeling parameters.

The analytic solution of (30) is presented below. By defining 𝜔𝑖 =
√

𝐾𝑡,𝑖
𝑀𝑡,𝑖

and 𝐾 𝑡𝑜𝑡
𝑡,𝑖 = 𝐾𝑡,𝑖+𝐾ℎ,𝑖, the following six equations can be written:

⎧

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎩

0 = −𝑆𝑖(1, 1)2𝜔4
𝑖 − 2𝑆𝑖(1, 1)

𝐷𝑡,𝑖
𝑀𝑡,𝑖

+ 2𝑆𝑖(1, 2)

+ 𝑞1,𝑖 + 𝛽2𝑢,𝑖,
0 = −𝑆𝑖(1, 1)𝑆𝑖(1, 2)𝜔4

𝑖 + 𝑆𝑖(2, 2)
+𝑆𝑖(1, 3)(𝐾ℎ,𝑖 + 𝑈𝐾ℎ,𝑖

) − 𝑆𝑖(1, 2)
𝐷𝑡,𝑖
𝑀𝑡,𝑖

−𝑆𝑖(1, 1)
𝐾 𝑡𝑜𝑡
𝑡,𝑖 +𝑈𝐾ℎ,𝑖
𝑀𝑡,𝑖

,

0 = −𝑆𝑖(1, 1)𝑆𝑖(1, 3)𝜔4
𝑖 + 𝑆𝑖(2, 3) − 𝑆𝑖(1, 3)

𝐷𝑡,𝑖
𝑀𝑡,𝑖

,

0 = −𝑆𝑖(1, 2)2𝜔4
𝑖 − 2𝑆𝑖(1, 2)

𝐾 𝑡𝑜𝑡
𝑡,𝑖 +𝑈𝐾ℎ,𝑖
𝑀𝑡,𝑖

+2𝑆𝑖(2, 3)(𝐾ℎ,𝑖 + 𝑈𝐾ℎ,𝑖
) + 𝑞2,𝑖 +

𝑈2
𝐾ℎ,𝑖

𝑀2
𝑡,𝑖𝜔

4
𝑖
+ 𝛽2𝑢,𝑖,

0 = −𝑆𝑖(1, 2)𝑆𝑖(1, 3)𝜔4
𝑖 + 𝑆𝑖(3, 3)(𝐾ℎ,𝑖 + 𝑈𝐾ℎ,𝑖

)

−𝑆𝑖(1, 3)
𝐾 𝑡𝑜𝑡
𝑡,𝑖 +𝑈𝐾ℎ,𝑖
𝑀𝑡,𝑖

,

0 = −𝑆𝑖(1, 3)2𝜔2
𝑖 + 𝑞3,𝑖 + 𝛽2𝑢,𝑖.

(34)

From the last equation of (34), 𝑆𝑖(1, 3) can be obtained:

𝑆𝑖(1, 3) = −

√

𝑞3,𝑖 + 𝛽2𝑢,𝑖
2

. (35)

𝜔𝑖

6

ubstituting (35) into (34):

⎧

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎩

0 = −𝑆𝑖(1, 1)2𝜔4
𝑖 − 2𝑆𝑖(1, 1)

𝐷𝑡,𝑖
𝑀𝑡,𝑖

+ 2𝑆𝑖(1, 2)

+ 𝑞1,𝑖 + 𝛽2𝑢,𝑖,

0 = −𝑆𝑖(1, 1)𝑆𝑖(1, 2)𝜔4
𝑖 + 𝑆𝑖(2, 2)

−
√

𝑞3,𝑖+𝛽2𝑢,𝑖
𝜔2
𝑖

(𝐾ℎ,𝑖 + 𝑈𝐾ℎ,𝑖
) − 𝑆𝑖(1, 2)

𝐷𝑡,𝑖
𝑀𝑡,𝑖

−𝑆𝑖(1, 1)
𝐾 𝑡𝑜𝑡
𝑡,𝑖 +𝑈𝐾ℎ,𝑖
𝑀𝑡,𝑖

,

0 = +𝑆𝑖(1, 1)
√

𝑞3,1 + 𝛽2𝑢,𝑖𝜔
2
𝑖 + 𝑆𝑖(2, 3)

+
√

𝑞3,𝑖+𝛽2𝑢,𝑖
𝜔2
𝑖

𝐷𝑡,𝑖
𝑀𝑡,𝑖

,

0 = −𝑆𝑖(1, 2)2𝜔4
𝑖 − 2𝑆𝑖(1, 2)

𝐾 𝑡𝑜𝑡
𝑡,𝑖 +𝑈𝐾ℎ,𝑖
𝑀𝑡,𝑖

+2𝑆𝑖(2, 3)(𝐾ℎ,𝑖 + 𝑈𝐾ℎ,𝑖
) + 𝑞2,𝑖 +

𝑈2
𝐾ℎ,𝑖

𝑀2
𝑡,𝑖𝜔

4
𝑖
+ 𝛽2𝑢,𝑖,

0 = +𝑆𝑖(1, 2)
√

𝑞3,1 + 𝛽2𝑢,𝑖𝜔
2
𝑖

+𝑆𝑖(3, 3)(𝐾ℎ,𝑖 + 𝑈𝐾ℎ,𝑖
) +

√

𝑞3,𝑖+𝛽2𝑢,𝑖
𝜔2
𝑖

𝐾 𝑡𝑜𝑡
𝑡,𝑖 +𝑈𝐾ℎ,𝑖
𝑀𝑡,𝑖

.

(36)

rom the second, the third, and the fifth equations of (36) it is possible
o obtain:

𝑖(2, 2) = + 𝑆𝑖(1, 1)𝑆𝑖(1, 2)𝜔4
𝑖 + 𝑆𝑖(1, 2)

𝐷𝑡,𝑖

𝑀𝑡,𝑖

+ 𝑆𝑖(1, 1)
𝐾 𝑡𝑜𝑡

𝑡,𝑖 + 𝑈𝐾ℎ,𝑖

𝑀𝑡,𝑖

+

√

𝑞3,𝑖 + 𝛽2𝑢,𝑖

𝜔2
𝑖

(𝐾ℎ,𝑖 + 𝑈𝐾𝑖,ℎ
), (37)

𝑆𝑖(2, 3) = −
𝐷𝑡,𝑖

𝑀𝑡,𝑖

√

𝑞3,𝑖 + 𝛽2𝑢,𝑖

𝜔2
𝑖

− 𝑆𝑖(1, 1)
√

𝑞3,1 + 𝛽2𝑢,𝑖, (38)

𝑖(3, 3) = − 𝑆𝑖(1, 2)

√

𝑞3,𝑖 + 𝛽2𝑢,𝑖𝜔
2
𝑖

𝐾ℎ,𝑖 + 𝑈𝐾ℎ,𝑖

−

√

𝑞3,𝑖 + 𝛽2𝑢,𝑖

𝜔2
𝑖𝑀𝑡,𝑖

𝐾 𝑡𝑜𝑡
𝑡,𝑖 + 𝑈𝐾ℎ,𝑖

𝐾ℎ,𝑖 + 𝑈𝐾ℎ,𝑖

. (39)

ubstituting (39) into (36):

⎧

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎩

0 = −𝑆𝑖(1, 1)2𝜔4
𝑖 − 2𝑆𝑖(1, 1)

𝐷𝑡,𝑖
𝑀𝑡,𝑖

+ 2𝑆𝑖(1, 2)

+ 𝑞1,𝑖 + 𝛽2𝑢,𝑖,

0 = −𝑆𝑖(1, 2)2𝜔4
𝑖 − 2𝑆𝑖(1, 2)

𝐾 𝑡𝑜𝑡
𝑡,𝑖 +𝑈𝐾ℎ,𝑖
𝑀𝑡,𝑖

−2 𝐷𝑡,𝑖
𝑀𝑡,𝑖

√

𝑞3,𝑖+𝛽2𝑢,𝑖
𝜔2
𝑖

(𝐾ℎ,𝑖 + 𝑈𝐾ℎ,𝑖
)

−𝑆𝑖(1, 1)
√

𝑞3,1 + 𝛽2𝑢,𝑖(𝐾ℎ,𝑖 + 𝑈𝐾ℎ,𝑖
)

+ 𝑞2,𝑖 +
𝑈2
𝐾ℎ,𝑖

𝑀2
𝑖 𝜔

4
𝑖
+ 𝛽2𝑢,𝑖.

(40)

𝑆𝑖(1, 2) can be then calculated from the first equation of (40):

𝑆𝑖(1, 2) = 𝑆𝑖(1, 1)2
𝜔4
𝑖
2

+ 𝑆(1, 1)
𝐷𝑡,𝑖

𝑀𝑡,𝑖
−

𝑞1,𝑖
2

−
𝛽2𝑢,𝑖
2

. (41)

inally, by substituting (41) into (40), the following fourth order equa-
ion can be found:

=𝐹1,𝑖𝑆𝑖(1, 1)4 + 𝐹2,𝑖𝑆𝑖(1, 1)3 + 𝐹3,𝑖𝑆𝑖(1, 1)2 + 𝐹4,𝑖𝑆𝑖(1, 1) + 𝐹5,𝑖, (42)
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T
a

⎧

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎩

T
⎧

⎪

⎪

⎪

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎪

⎪

⎪

⎩

2

o
f
a

a
i
t

3

d

p

𝜋

a
𝑖
a
w

𝑏

w
𝑖
e
b
p

𝐽
s
R

𝐽

where:

⎧

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎩

𝐹1,𝑖 = −
𝜔12
𝑖
4 ,

𝐹2,𝑖 = −𝜔8
𝑖
𝐷𝑡,𝑖
𝑀𝑡,𝑖

,

𝐹3,𝑖 = −( 𝐷𝑡,𝑖
𝑀𝑡,𝑖

)2𝜔4
𝑖 +

𝜔8
𝑖
2 (𝑞1,𝑖 + 𝛽2𝑢,𝑖)

−𝜔4
𝑖
𝐾 𝑡𝑜𝑡
𝑡,𝑖 +𝑈𝐾ℎ,𝑖
𝑀𝑡,𝑖

,

𝐹4,𝑖 = + 𝐷𝑡,𝑖
𝑀𝑡,𝑖

(𝑞1,𝑖 + 𝛽2𝑢,𝑖)𝜔
4
𝑖 − 2 𝐷𝑡,𝑖

𝑀2
𝑡,𝑖
(𝐾 𝑡𝑜𝑡

𝑡,𝑖 + 𝑈𝐾ℎ,𝑖
)

−
√

𝑞3,1 + 𝛽2𝑢,𝑖(𝐾ℎ,𝑖 + 𝑈𝐾ℎ,𝑖
),

𝐹5,1 = −
𝑞21,𝑖
4 𝜔4

𝑖 −
𝛽2𝑢,𝑖
4 𝜔4

𝑖 −
𝑞1,𝑖𝛽2𝑢,𝑖

2 𝜔4
𝑖

+ (𝑞1,𝑖 + 𝛽2𝑢,𝑖)
𝐾 𝑡𝑜𝑡
𝑡,𝑖 +𝑈𝐾ℎ,𝑖
𝑀𝑡,𝑖

−2 𝐷𝑡,𝑖
𝑀𝑡,𝑖

√

𝑞3,𝑖+𝛽2𝑢,𝑖
𝜔2
𝑖

(𝐾ℎ,𝑖 + 𝑈𝐾ℎ,𝑖
)

+ 𝑞2,1 +
𝑈2
𝐾ℎ,𝑖

𝑀2
𝑡,𝑖𝜔

4
𝑖
+ 𝛽2𝑢,𝑖.

(43)

o solve this fourth-order equation many methods exist, both analytical
nd numerical; below an analytical is proposed. Let us define:

𝑝1,𝑖 =
8𝐹1,𝑖𝐹3,𝑖−3𝐹 2

2,𝑖
8𝐹 2

1,𝑖
,

𝑞1,𝑖 =
𝐹 3
2,𝑖−4𝐹1,𝑖𝐹2,𝑖𝐹3,𝑖+8𝐹

2
1,𝑖𝐹4,𝑖

8𝐹 3
1,𝑖

,

𝛥0,𝑖 = 𝐹 2
3,𝑖 − 3𝐹2,𝑖𝐹4,𝑖 + 12𝐹1,𝑖𝐹5,𝑖,

𝛥1,𝑖 = 2𝐹 3
3,𝑖 − 9𝐹2,𝑖𝐹3,𝑖𝐹4,𝑖 + 27𝐹 2

2,𝑖𝐹5,𝑖

+27𝐹1,𝑖𝐹 2
4,𝑖 − 72𝐹1,𝑖𝐹3,𝑖𝐹5,𝑖,

𝑉𝑖 =
1
3

√

𝛥1,𝑖 +

√

𝛥21,𝑖−4𝛥
3
0,𝑖

2 ,

𝑁𝑖 =

√

√

√

√

− 2
3 𝑝1,𝑖+

𝑉𝑖+
𝛥0,𝑖
𝑉𝑖

3𝐹1,𝑖
2 .

(44)

he solutions are:

𝑆𝑖(1, 1)#1 = − 𝐹2,𝑖
4𝐹1,𝑖

−𝑁𝑖 +

√

−4𝑁2
𝑖 −2𝑝1,𝑖+

𝑞1,𝑖
𝑁𝑖

2 ,

𝑆𝑖(1, 1)#2 = − 𝐹2,𝑖
4𝐹1,𝑖

−𝑁𝑖 −

√

−4𝑁2
𝑖 −2𝑝1,𝑖+

𝑞1,𝑖
𝑁𝑖

2 ,

𝑆𝑖(1, 1)#3 = − 𝐹2,𝑖
4𝐹1,𝑖

+𝑁𝑖 +

√

−4𝑁2
𝑖 −2𝑝1,𝑖−

𝑞1,𝑖
𝑁𝑖

2 ,

𝑆𝑖(1, 1)#4 = − 𝐹2,𝑖
4𝐹1,𝑖

+𝑁𝑖 −

√

−4𝑁2
𝑖 −2𝑝1,𝑖−

𝑞1,𝑖
𝑁𝑖

2 .

(45)

The selected 𝑆𝑖(1, 1) will be the real positive solution, and it will be
used in (37), (38), (39), and (41) to compute the remaining elements
of 𝐒𝑖.

Once the control gains are calculated, the Cartesian impedance
control setpoint 𝑥𝑑𝑡𝑖 can be computed by integrating 𝑥̇𝑑𝑡,𝑖 in (33) at each
control step.

Remark 4. Çimen (2008) provides details on how to modify the
proposed controller to include given constraints (e.g., on the task
space).

2.3.2. Stability analysis
To prove the stability of the LQR control, it is possible to refer to an

analogous LTI system without the final penalty term and to transform
it into an infinite-horizon linear quadratic optimal control problem
(same procedure applied to the developed control). Note that this is
7

possible only under the assumption of the controllability of the LTI
system (Fisher & Bhattacharya, 2009).

Let us consider the LTI system defined in (26) and the matrices
defined in (28):

• the system is controllable because the reachability matrix 𝐑𝐌𝑖 =
[𝐛𝑖 𝐀𝑖(𝑈𝐾ℎ,𝑖

)𝐛𝑖 𝐀𝑖(𝑈𝐾ℎ,𝑖
)2𝐛𝑖] is not rank deficient;

• the matrix 𝐐𝑜𝑝𝑡,𝑖 is semi positive definite, and the matrix [𝐑𝑜𝑝𝑡,𝑖] =
[𝐼] is positive definite.

Indeed, the controlled system is asymptotically stable.

.4. Global stability of the control schema

Having that the LQR controller is asymptotically stable, the stability
f the impedance control is guaranteed (Colgate & Hogan, 1989). In
act, the impedance controller mass, stiffness, and damping parameters
re constant (i.e., the preference-based optimization adapts the control

gains before the controller is activated). The impedance controller
setpoint is provided by the LQR controller, being asymptotically stable
and, therefore, not affecting the stability of the impedance control loop.

The exponential stability of the PVFC is provided in Li and Horowitz
(2001b), even in the presence of external forces. Indeed, having as an
input an asymptotically stable setpoint (provided by the impedance
controller), the stability of this control loop is guaranteed.

3. Preference-based optimization

The PBO algorithm employed in this paper is based on the method-
ology developed in Bemporad and Piga (2021) by some of the authors,
where the GLISp algorithm is introduced. Such an approach has been
used to optimize the gains of the proposed controller, especially con-
sidering the Cartesian impedance control stiffness 𝐾𝑡,𝑖 and damping 𝜁𝑡,𝑖,
nd the LQR gain 𝑞3,𝑖. In such a way, a human-centric tuning procedure
s implemented, capable to catch the (even intrinsic) human’s needs. In
he following, the PBO algorithm is described.

.1. Building a surrogate function from preferences

The first step of the GLISp algorithm is to build a surrogate function
escribing the observed preferences.

Formally, given two possible sets of parameters 𝜽1 and 𝜽2, the
reference function 𝜋 ∶ R𝑛𝜃 × R𝑛𝜃 → {−1, 0, 1} is defined as:

(𝜃1, 𝜃2) =

⎧

⎪

⎨

⎪

⎩

−1 if 𝜽1 ‘‘better’’ than 𝜽2
0 if 𝜽1 ‘‘as good as’’ 𝜽2
1 if 𝜽2 ‘‘better’’ than 𝜽1.

(46)

Assuming that 𝑁 ≥ 2 samples {𝜽1 … 𝜽𝑁} of the decision vector
re generated, with 𝜽𝑖,𝜽𝑗 ∈ R𝑛𝜃 such that 𝜽𝑖 ≠ 𝜽𝑗 , ∀𝑖 ≠ 𝑗, with
, 𝑗 = 1,… , 𝑁 . For each of these parameters, an experiment is performed
nd the user provides a preference vector 𝐁 = [𝑏1 … 𝑏𝑀 ]𝑇 ∈ {−1, 0, 1}𝑀

ith:

ℎ = 𝜋(𝜽𝑖(ℎ),𝜽𝑗(ℎ)), (47)

here 𝑀 is the number of expressed preferences, ℎ ∈ {1,… ,𝑀},
(ℎ), 𝑗(ℎ) ∈ {1,… , 𝑁}, and 𝑖(ℎ) ≠ 𝑗(ℎ). It has to be noted that the
lement 𝑏ℎ of the vector the 𝐁 represents the preference expressed
y the user between the experimental performance achieved with the
arameters 𝜽𝑖(ℎ) and 𝜽𝑗(ℎ).

The observed preferences are then used to learn a surrogate function
̂ ∶ R𝑛𝜃 → R of an (unknown) underlying performance index 𝐽 . The
urrogate 𝐽 is parametrized as the following linear combination of
adial Basis Functions (RBFs):

̂(𝜽) =
𝑁
∑

𝛽𝑘𝜙(𝛾𝑑(𝜽,𝜽𝑖)), (48)

𝑘=1
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𝑑

(
f

i
p

𝑎

𝑎

w

𝛥

i
a
e

d
a

𝜽

3

d

c

where 𝑑 ∶ R𝑛𝜃 × R𝑛𝜃 → R is the squared Euclidean distance:

(𝜽,𝜽𝑖) = ‖𝜽 − 𝜽𝑖‖22, (49)

𝛾 > 0 is a scalar parameter, 𝜙 ∶ R → R is an RBF, and 𝜷 =
[𝛽1 … 𝛽𝑁 ]𝑇 are the unknown coefficients to be computed based on
the available user’s preferences. Examples of RBFs are 𝜙(𝛾𝑑) = 1

1+(𝛾𝑑)2

inverse quadratic) and 𝜙(𝛾𝑑) = 𝑒−(𝛾𝑑)2 (Gaussian) (see Bemporad, 2020,
or more definitions).

According to the preference relation (46), the surrogate 𝐽 has to
satisfy the following constraints:

𝐽 (𝜽𝑖(ℎ)) ≤ 𝐽 (𝜽𝑗(ℎ)) − 𝜎 + 𝜀ℎ if 𝜋(𝜽𝑖(ℎ),𝜽𝑗(ℎ)) = −1
𝐽 (𝜽𝑖(ℎ)) ≥ 𝐽 (𝜽𝑗(ℎ)) + 𝜎 − 𝜀ℎ if 𝜋(𝜽𝑖(ℎ),𝜽𝑗(ℎ)) = 1
|𝐽 (𝜽𝑖(ℎ)) − 𝐽 (𝜽𝑗(ℎ))| ≤ 𝜎 + 𝜀ℎ if 𝜋(𝜽𝑖(ℎ),𝜽𝑗(ℎ)) = 0

(50)

for all ℎ = 1,… ,𝑀 , where 𝜎 > 0 is a given tolerance and 𝜀ℎ is a
positive slack variable that is used to relax the preference constraints.
Constraints of infeasibility might be due to an inappropriate selection
of the RBF (namely, poor flexibility in the parametric description of the
surrogate 𝐽 ) and/or inconsistent assessments done by the user.

Based on the above preference constraints, the coefficient vector
𝜷 describing the surrogate 𝐽 is obtained by solving the Quadratic
Programming (QP) problem:

min𝛽,𝜀
𝑀
∑

ℎ=1
𝜀ℎ +

𝜆
2

𝑁
∑

𝑘=1
𝛽2𝑘

s. t.
𝑁
∑

𝑘=1
(𝜙(𝛾𝑑(𝜽𝑖(ℎ),𝜽𝑘))) − 𝜙(𝛾𝑑(𝜽𝑗(ℎ),𝜽𝑘))𝛽𝑘

≤ −𝜎 + 𝜀ℎ, ∀ℎ ∶ 𝑏ℎ = −1
𝑁
∑

𝑘=1
(𝜙(𝛾𝑑(𝜽𝑖(ℎ),𝜽𝑘))) − 𝜙(𝛾𝑑(𝜽𝑗(ℎ),𝜽𝑘))𝛽𝑘

≥ 𝜎 − 𝜀ℎ, ∀ℎ ∶ 𝑏ℎ = 1
|

|

|

|

|

|

𝑁
∑

𝑘=1
(𝜙(𝛾𝑑(𝜽𝑖(ℎ),𝜽𝑘))) − 𝜙(𝛾𝑑(𝜽𝑗(ℎ),𝜽𝑘))𝛽𝑘

|

|

|

|

|

|

≤ 𝜎 + 𝜀ℎ, ∀ℎ ∶ 𝑏ℎ = 0
ℎ = 1,… ,𝑀.

(51)

The scalar 𝜆 > 0 in the cost function (51) is a regularization param-
eter that guarantees uniqueness in the solution of the QP problem.

3.2. Acquisition function

Once a surrogate 𝐽 is estimated, this function can be minimized in
order to find the optimal parameter vector 𝜽.

More in detail, the following steps can be followed:
(𝑖) generate a new sample by pure minimization of the estimated
surrogate function 𝐽 , i.e.,

𝜽𝑁+1 = argmin 𝐽 (𝜽) s. t. 𝜽 ∈ 𝛩;

(𝑖𝑖) ask the user to express a preference 𝜋(𝜽𝑁+1,𝜽⋆𝑁 ), where 𝜽⋆𝑁 ∈ R𝑛𝜃

is the vector of parameters with the best experimental output (judged
by the user) found so far;
(𝑖𝑖𝑖) update the estimate of 𝐽 through (51);
(𝑖𝑣) iterate over 𝑁 .

Such a procedure, which only exploits the current available observa-
tions in finding the optimal parameter vector 𝜽, may easily miss a more
performing set of parameters. Indeed, a term promoting the exploration
of the parameter space should be considered.

In the GLISp algorithm, an acquisition function is employed to
balance exploitation vs. exploration when generating the new sample
𝜽𝑁+1. The exploration function is defined by using the inverse distance
weighting (IDW) function 𝑧 ∶ R𝑛𝜃 → R defined as:

𝑧(𝜽) =
⎧

⎪

⎨

⎪

0 if 𝜽 ∈ {𝜽1,… ,𝜽𝑁}

tan−1
(

1
∑𝑁 𝑤 (𝜽)

)

otherwise, (52)
⎩

𝑖=1 𝑖
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where 𝑤𝑖(𝜽) = 1
𝑑2(𝜽,𝜽𝑖)

. Clearly, 𝑧(𝜽) = 0 for all parameters already
tested, and 𝑧(𝜽) > 0 in R𝑛𝜃 ⧵ {𝜽1,… ,𝜽𝑁}. The arc tangent function
n (52) avoids that 𝑧(𝜽) gets excessively large far away from all sampled
oints.

Then, given an exploration parameter 𝛿 ≥ 0, the acquisition function
∶ R𝑛𝜃 → R is constructed as:

(𝜽) = 𝐽 (𝜽)
𝛥𝐽

− 𝛿𝑧(𝜽), (53)

here

𝐽 = max
𝑖
{𝐽 (𝜽𝑖)} − min

𝑖
{𝐽 (𝜽𝑖)}

s the range of the surrogate function on the samples in {𝜽1,… ,𝜽𝑁}
nd used in (53) as a normalization factor to simplify the choice of the
xploration parameter 𝛿.

Given a set {𝜽1,… ,𝜽𝑁} of samples and a vector 𝐁 of preferences
efined in (47), the next parameter set 𝜽𝑁+1 to be tested is computed
s the solution of the (non-convex) optimization problem:

𝑁+1 = argmin
𝜽∈𝛩

𝑎(𝜽). (54)

.3. Pseudocode

The pseudocode of the employed preference-based optimization is
etailed in Algorithm 1.

The PBO is interfaced with the proposed human–robot collaborative
ontroller as depicted in Fig. 1.

Algorithm 1 PBO pseudocode
𝑋 ← [𝑥1, 𝑥2,… , 𝑥𝑁 ]
𝑏𝑖𝑛 ← [[𝑥1, 𝑥2], [𝑥2, 𝑥4], ..[𝑥ℎ, 𝑥𝑘]]
𝑏𝑒𝑞 ← [[𝑥2, 𝑥3],… , [𝑥𝑧, 𝑥𝑦]]
my_pbo ← PBO(𝑋, 𝑏𝑖𝑛, 𝑏𝑒𝑞)
my_pbo.update()
for 𝑖 →iterations do

𝑥𝑛𝑒𝑥𝑡 ←my_pbo.run_optimization()
if 𝑥𝑛𝑒𝑥𝑡 better than 𝑥𝑏𝑒𝑠𝑡 then

𝑒𝑣𝑎𝑙 ← −1
else

𝑒𝑣𝑎𝑙 ← 1
end if
my_pbo.add_evaluation(𝑥𝑛𝑒𝑥𝑡, 𝑒𝑣𝑎𝑙)
my_pbo.update()

end for

4. Experimental validation

In order to show the effectiveness of the proposed control scheme
optimized by means of the PBO, the controller has been implemented
on a Franka EMIKA panda robot, making use of its torque control
(control frequency: 1000 Hz), for the execution of the target physical
human–robot collaborative task. The experiment’s purpose is twofold:
to evaluate the performance of the proposed collaborative controller,
comparing the achieved results w.r.t. the ones achieved by applying
the controller in Roveda, Maskani, et al. (2020), and to evaluate the
optimization process in terms of naturalness and easiness of use.

Remark 5. Considering the available high control frequency, all the
controllers are designed for continuous time systems. For the discretiza-
tion of the controllers, please refer to Roveda, Iannacci, and Tosatti
(2018).
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Fig. 2. Experimental tests performed having the volunteers in interaction with the employed Franka EMIKA panda robot.
4.1. Target pHRC task

The volunteers are supposed to operate the robot along the ver-
tical direction 𝑧, where the proposed control approach and the one
in Roveda, Maskani, et al. (2020) are activated. Two virtual walls
along the 𝑧 axis (that have been set at 0.7 m and 0.3 m) have been
implemented in order to constrain the robot’s motion. Each volunteer
performs 2 up and down complete slow motions and 2 up and down
complete fast motions between the defined virtual walls. A volunteer
in interaction with the robot is shown in Fig. 2.

The proposed approach has been tuned by means of the PBO (i.e.,
optimizing the Cartesian impedance control stiffness 𝐾𝑡,𝑖 and damping
𝐷𝑡,𝑖, and the LQR gain 𝑞3,𝑖) by each of the volunteers independently,
so that each of them was able to customize its own controller. The
collaborative performance of the optimized controller has been then
compared with the ones obtained by the controller in Roveda, Maskani,
et al. (2020).

Remark 6. The same physical human–robot collaboration task has been
considered for the evaluation of the controllers as in Roveda et al.
(2019) and Roveda, Maskani, et al. (2020).
9

4.2. Evaluation protocol

The proposed controller and the one in Roveda, Maskani, et al.
(2020) have been evaluated on the basis of the qualitative evaluation
framework used in Roveda et al. (2019), Roveda, Maskani, et al.
(2020). Indeed, the physical collaboration performance for the two
tested control methods have been assessed using a questionnaire at the
end of the evaluation experiments for all the volunteers. The following
metrics have been defined to address both physical human–robot inter-
actions (pHRI) and cognitive human–robot interactions (cHRI) to com-
pletely address human expectations and task goals (Mizanoor Rahman
& Ikeura, 2016):

• naturalness: human’s overall likability, normalcy, ease of use,
convenience, non-complexity in operation and collaboration;

• smoothness: whether the movement is smooth and characterized
by a limited jerk;

• effort: the amount of effort, hardship, or endeavor required to
achieve a performance level satisfying the mental, physical and
temporal demand;
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• motion: nature of object velocity and acceleration felt by the
human (i.e., whether the velocity, acceleration is low or high
compared to human expectation);

• stability: presence/absence of oscillations, sudden inactivity of
the system, and their effects on manipulation, object, system
structure, and environment;

• detection of intention: whether the robot follows human intention
in accelerating or deaccelerating the motion;

• performance: the overall performance, e.g., lifting the object to
the desired position within the specified time and attempting to
avoid user-unfriendly events.

Each of the proposed metrics has a ranking between 0 (minimum
ranking, very negative review) to 4 (maximum ranking, very positive
eview). The ratings have been assigned upon the completion of the
xperiment. Ratings are based on the subjective opinion of the partici-
ants, gained by the feeling with the controllers, and indicative mainly
f their relative performance.

The optimization process (i.e., making use of the PBO approach) has
een evaluated in order to verify the naturalness and easiness of use of
he proposed tuning procedure. The following criteria are considered
or the proposed evaluation:

• user-friendliness: whether the training is intuitive or not (i.e., if
the necessary actions to train the robot are complex and/or too
far from the ordinary way to use the robot);

• duration: the time required to achieve acceptable performance of
the controller;

• satisfaction: whether the operator is able to achieve the target
performance during the test.

ach of the proposed metrics has a ranking between 0 (minimum
anking) to 4 (maximum ranking).

.3. Participants

The following volunteers have been involved in the experimental
valuation: 10 healthy subjects (9 males, 1 female, with mean age
31 ± 6 years) without any physical problems. Prior to the testing, all

olunteers have been informed about the evaluation scenario and the
esting procedure. Users are only trained in order to provide consistent
eedback to the optimization algorithm. However, no prior objective is
et for optimization purposes. In fact, each user might have his/her own
ntrinsic (and maybe unknown even to herself/himself) cost function
minimize the effort, fast and reactive collaboration, slow, robust, and
table collaboration, etc.) that is optimized based on the perceived
ollaboration.

.4. Controller implementation

The code required to implement and run the proposed controller
s available at the following GitHub repository: https://github.com/
arcomaccarini/robotics/tree/main/lorenzo_ws.

The proposed controller has been implemented on a Franka EMIKA
anda robot, exploiting the ROS framework. The implementation has
een made on top of the available Franka torque control (based on
ibfranka functionalities), exploiting the Franka Control Interface (FCI),
aking it possible to send motor signals to the manipulator in real-time

t 1 kHz. The interaction wrench is provided by the robot’s internal
ensors with a frequency of 1 kHz.

.4.1. PVFC
The PVFC parameters have been imposed as it follows: 𝐸̄ = 10 J,

𝑇

𝑓 = 1 kg, 𝛾 = 1, and 𝐡 = [25, 25, 15, 15, 100, 100, 400] .

10
.4.2. Cartesian impedance control
The rotational stiffness, damping, and inertia matrices have been

mposed as follows: 𝐊𝑟 = 𝑑𝑖𝑎𝑔(100, 100, 100) Nm/rad, 𝜻𝑟 =
𝑑𝑖𝑎𝑔(0.75, 0.75, 0.75), 𝐌𝑟 = 𝑑𝑖𝑎𝑔(10, 10, 10) Kgm2. The translational
stiffness 𝐾𝑡,𝑖, damping 𝜁𝑡,𝑖, and mass 𝑀𝑡,𝑖 parameters have been imposed
equal to 1500 N∕m, 1, and 10 kg, respectively, for 𝑖 = 𝑥 and 𝑖 = 𝑦.
𝑀𝑡,𝑧 = 10 kg has been imposed.

4.4.3. LQR
For the implementation of the LQR, the following parameters have

been imposed as follows: human’s arm stiffness 𝐊ℎ = 𝑑𝑖𝑎𝑔(1002, 250,
320) N/m (as in Artemiadis et al., 2010), 𝛽𝑢,𝑧 = 0.0001 (as in Roveda &
Piga, 2020), 𝑈𝐾ℎ,𝑧

= ±0.5𝐾ℎ,𝑧 (as in Roveda & Piga, 2020), 𝑞1,𝑧 = 0.001,
and 𝑞2,𝑧 = 0.001.

4.4.4. PBO
The following ranges of values have been considered for the opti-

mization variables: 𝐾𝑡,𝑧 ∈ [250, 1500] N/m, 𝜁𝑡,𝑧 ∈ [0.4, 2], and 𝑞3,𝑧 ∈
[0.02, 10]. The definition of the parameters optimization range is im-
portant to avoid any issue for the controller (e.g., stability) and can be
defined based on the user’s experience or similar works in the state
of the art. 5 initial random sets of optimization parameters have been
applied to each optimization (i.e., for each volunteer) to initialize it.
The parameter 𝛿, regulating the exploration–exploitation behavior of
the optimization algorithm (53), has been set to 3.

Remark 7. It has to be remarked that more parameters can be included
in the optimization procedure if needed. In this paper, in fact, only hu-
man assistance-related gains are considered for optimization purposes.
The other gains (such as the PVFC gains) are tuned based on state-of-
the-art tuning or based on classical tuning procedures, such as Roveda,
Forgione, and Piga (2020).

4.5. Experimental results

Based on the above-described considered task and evaluation pro-
tocols, the proposed optimized controller and the one in Roveda,
Maskani, et al. (2020) have been tested. The results obtained consid-
ering the employed qualitative evaluation through questionnaires are
shown in Fig. 3. As it can be highlighted, the proposed controller op-
timized by means of the PBO is capable to achieve better performance
in comparison with the one in Roveda, Maskani, et al. (2020). In addi-
tion, it has to be underlined the capability of the proposed controller
to deal with different users, i.e., with different human arm stiffness
values. In fact, each human has a different arm stiffness, and this
value is adapted during the collaboration with the robot (Artemiadis
et al., 2010). Indeed, the proposed robust LQR controller is capable
to deal with this variation of the human arm stiffness, ensuring the
stability of the interaction. In addition, the proposed optimization is
capable to deal with different users’ cost functions. In fact, each user
has different (unknown and not predefined) objectives to establish a
high-performance customized human–robot interaction. The proposed
methodology is indeed able to catch the intrinsic objectives of the user,
optimizing the perceived collaboration with the robot by means of
qualitative feedback.

The controller in Roveda, Maskani, et al. (2020) explicitly aims to
minimize the interaction force between the human and the robot (i.e.,
minimizing the user effort). The optimization framework proposed in
this paper, instead, aims to maximize the performance of the user’s
perceived collaboration, based on his/her specific (intrinsic and even
unknown) cost function. In fact, the cost function employed by the
operator (that is used to provide qualitative feedback to the algorithm)
is not predefined, and the optimization is performed based on the
user’s sensations only. Thus, one expert operator might prefer a reactive
robot behavior, resulting in an effortless collaboration, while a novel

operator might prefer a slower and more stable collaboration, resulting

https://github.com/marcomaccarini/robotics/tree/main/lorenzo_ws
https://github.com/marcomaccarini/robotics/tree/main/lorenzo_ws
https://github.com/marcomaccarini/robotics/tree/main/lorenzo_ws
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Fig. 3. Obtained results for the proposed optimized controller and for the one in Roveda, Maskani, et al. (2020).
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in a higher applied force to operate the robot. Therefore, the achieved
performance cannot be directly compared by means of quantitative
force-based indexes but can be compared by means of perceived (i.e.,
qualitative, as described above) effort and comfort.

The optimization procedure (i.e., the PBO) has been evaluated to
verify its applicability in real contexts (such as in the manufacturing
industry). Fig. 4 shows the achieved results, from which it is possible
to highlight the usefulness and the easiness of use of the PBO in the
proposed context. The PBO is capable to catch the (even intrinsic and
unknown) needs of the user to guide the optimization. Physical human–
robot collaboration control benefits from this qualitative optimization
approach, due to the subjective perception of the collaboration with
the robot. In fact, the Satisfaction on the computed optimal control
parameters achieved a high score, demonstrating the potential of the
optimization in the context of the application.

5. Validation use-case: collaborative assembly task

5.1. Task description

A more complex task involving all three translational DoFs has been

taken into account to prove the capability of the proposed approach u

11
(controller + optimization procedure). A collaborative assembly task of
a gear into its shaft is considered (Fig. 5). The same robot and controller
implementation have been exploited as described in Section 4.

More in detail, the user has to operate the robot to perform the
assembly. A video of the performed application during one optimization
iteration is available here: https://youtu.be/OBf_CgGtCZQ. Following
the proposed preference-based procedure, the controller parameters
related to the provided assistance to the human are taken into consider-
ation for optimization purposes (as described in Section 4.4). Given the
nature of the proposed controller (i.e., decoupled Cartesian impedance
control with compensated gravity and friction effects), all three DoFs
control parameters are optimized together in a single optimization (i.e.,
ne optimization assigning the same parameters to all the DoFs is per-
ormed). In fact, all the translational DoFs of the Cartesian impedance
ontrol are behaving the same (Siciliano et al., 2010).

emark 8. It has to be underlined that the three translational DoFs
an be optimized even separately. Parallel optimizations might be run
or each DoF independently. In this work, however, one optimization
rocedure has been considered due to the decoupled nature of the
mpedance control, allowing the DoFs to behave the same. This allows

s to reduce the optimization time and the computational effort.

https://youtu.be/OBf_CgGtCZQ
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Fig. 4. PBO process evaluation results.
12
Fig. 5. Considered assembly task of gear to be inserted into its shaft.

5.2. Participants

The following volunteers have been involved in the experimental
evaluation: 5 healthy subjects (4 males, 1 female, with mean age =
31 ± 5 years) without any physical problems. Prior to the testing, all
volunteers have been informed about the evaluation scenario and the
testing procedure. As in Section 4.3, users are only trained in order to
provide consistent feedback to the optimization algorithm.

5.3. Experimental results

By means of the questionnaires described in Section 4.2, the
achieved results for the optimization of the collaborative assembly task
are reported in Figs. 6 and 7. Similarly to the results in Section 4.5,
high scores are obtained for all the defined criteria, highlighting the
performance of the proposed controller and user-centered optimization.

6. Conclusions and future work

This paper proposed a controller to enable a safe and robust physical
human–robot collaboration while limiting the computational effort (to
compute the control signals given the 1 kHz high control frequency)
and providing a human-centric tuning of the control parameters pro-
viding assistance to maximize the collaboration for each specific user.
The proposed controller has been evaluated by making use of a Franka
EMIKA panda robot as a test platform considering a free-motion col-
laborative task (comparing the achieved performance with a controller
previously developed by some of the authors) and an assembly task.
Achieved results show the improved performance obtained by the
proposed controller. In addition, the performance of the PBO for the
tuning of the control parameters have been evaluated, highlighting the
potentialities of the method.

Some limitations of the described control framework can be high-
lighted. W.r.t. the designed controller, it has to be noted that constant
impedance control parameters are considered during the human–robot
interaction task execution, which might limit the powerfulness of the
control schema. W.r.t. the PBO for assistive gains optimization, such
approach is only employing the qualitative feedback of the user (i.e.,
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f

Fig. 6. Obtained results for the proposed optimized controller.
user’s preferences). Such qualitative feedback has to be consistent
among all the optimization iterations in order to provide a consistent
optimized set of control parameters. One experienced issue during the
optimization is that the user does not remember well his/her perception
of the best set of parameters so far if too many iterations are passed,
requiring an additional trail with such a set of parameters. Indeed,
consistent judgments from the user are of critical importance.

Future work will be devoted to integrating the features of the
proposed control in the MBRL framework of Roveda, Maskani, et al.
(2020) to provide user-based adaptability in real-time (i.e., based on the
operative conditions, adapting the control gains). In addition, ML-based
controllers with stability guarantees are currently under development.
Furthermore, ML techniques will be employed for the online estimation
of the human’s arm setpoint 𝐱0ℎ, stiffness 𝐊ℎ, and intrinsic optimization
cost function to improve the intention of motion detection to be used
in the controller and the online human’s arm dynamics modeling (e.g.,
or the implementation of SDRE controllers Roveda & Piga, 2020).
13
Finally, improvements related to the PBO algorithm are currently under
consideration.
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